Surfactants are widely used to refold recombinant proteins that are produced as inclusion bodies in E. Coli. However, the microscopic details of the surfactant-assisted protein refolding processes are yet to be uncovered. In the present work, the authors aim to provide insights into the effect of hydrophobic interactions of a denatured protein with surfactant molecules on the refolding kinetics and equilibrium by using the Langevin dynamics for coarse-grained models. The authors have investigated the folding behavior of a ␤-barrel protein in the presence of surfactants of different hydrophobicities and concentrations. It is shown that the protein folding process follows a "collapse-rearrangement" mechanism, i.e., the denatured protein first falls into a collapsed state before acquiring the native conformation. In comparison with the protein folding without surfactants, the protein-surfactant hydrophobic interactions promote the collapse of a denatured protein and, consequently, the formation of a hydrophobic core. However, the surfactants must be released from the hydrophobic core during the rearrangement step, in which the native conformation is formed. The simulation results can be qualitatively reproduced by experiments.
INTRODUCTION
Protein refolding is an essential step in the recovery of genetically engineered proteins from inclusion bodies. [1] [2] [3] The standard procedure is to dissolve the inclusion bodies with a denaturing buffer that contains 8M urea or 6M guanidine hydrochloride, and then add a refolding buffer to reactivate or refold the denatured proteins. 3, 4 Misfolding and aggregation are two major problems hindering the efficient recovery of the recombinant proteins. As shown by Tandon and Horowitz, [5] [6] [7] Zardeneta and Horowitz, 8 and Rozema and Gellman, 9 a surfactant can be used to inhibit protein aggregation, thereby promoting refolding. Our previous study demonstrated that a surfactant with strongly hydrophobic tail, such as cetyltrimethylammonium bromide ͑CTAB͒, improves the refolding of both native and recombinant lysozymes at low surfactant concentration. The concentration of the surfactant has a significant effect on both the thermodynamics and the kinetics of the refolding process. 10 The effect of surfactants on protein folding was previously studied by using a lattice model and by using dynamic Monte Carlo ͑DMC͒ simulations. It has been shown that formation of the protein-surfactant complex prevents the denatured proteins from falling into "energy traps," thereby promoting correct folding. 11 The results from simulations also suggest that, for a given protein, the hydrophobicity of the surfactant must match that of the denaturant. In general, surfactants of different hydrophobicities have different concentration ranges that are optimal to assist protein refolding. 11 Because the kinetic properties from the DMC are determined by the Metropolis algorithm, 12 in which a predetermined probability is given to each move, they may not give the full microscopic view of the refolding process.
In this work, we investigate the kinetics of surfactantassisted protein refolding by using Langevin dynamic simulations. Our simulations are based on a ␤-barrel model protein ͑␤-protein͒ originally proposed by Veitshans et al. 13 The same protein model has been used in the study of the folding kinetics in a dilute solution 14 or under confinement.
hydrophilic ͑L͒, and neutral ͑N͒. All residues are represented by spherical beads of equal size, linked together in the form of a linear sequence B 9 N 3 ͑LB͒ 4 N 3 B 9 N 3 ͑LB͒ 5 L. The side chains of the amino acid residues are not explicitly considered.
The Hamiltonian of the model protein includes the bond energy, the excluded-volume effect, and the long-range van der Waals attractions. To avoid frustrated protein conformations, we modify the HT model by retaining only hydrophobic interactions between native contacts, i.e., for nonbonded pairs of amino acid residues, we consider the hydrophobic interaction only when the center-to-center distance is less than 1.167 in native conformation. The details are referred to a previous publication. 18 
Surfactant model
A two-bead model that consists of a hydrophobic head and a hydrophilic tail is used to represent surfactant molecules. The major limitation of this simple surfactant model, as pointed out by Lu et al., 18 is that it generates various shapes with a high degree of polydispersity in micellization. However, as shown by both experimental observation and Monte Carlo simulation, it is the hydrophobic interaction among surfactant and protein that leads to an enhanced refolding yield and kinetics. Thus we applied this simple model in the present study, focusing on the influence of hydrophobic interaction among surfactant and protein on the protein folding mechanism. The bond energy between the two beads is described by a harmonic potential
where r is the center-to-center distance, is the equilibrium bond length, and k b = 100 h is the bond spring constant. The equilibrium bond length is assumed to be the same as the bead diameter. Throughout this work, h and are treated as the units of energy and length, respectively. The size and energy parameters for the surfactant molecules are assumed to be the same as those for the protein segments. The interaction energy between a pair of surfactant molecules includes a short-range repulsion owed to the excluded-volume effect, and a longer-ranged attraction for hydrophobic interactions. This potential energy is presented by a Lennard-Jones ͑LJ͒-type potential
where s is a dimensionless parameter that provides a measure of the degree of hydrophobicity for the surfactant molecules: a large value of s means strong hydrophobicity. The dimensionless parameters A sij and B sij depend on the identities of the interacting beads. For comparison with the singlechain simulations studied before, 18 we use A sij = 1 and B sij = 1 for interactions between the hydrophobic beads, while A sij = 1 and B sij = 0 for all other interactions.
The interaction between a surfactant molecule and the protein is also represented by a LJ-type potential
where s-p is a dimensionless parameter calculated from the Lorentz-Berthelot mixing rule, i.e., s-p = ͱ s . s-p provides a measure of the degree of interaction between the surfactant and model protein. As for the interaction between a pair of surfactant molecules, the dimensionless parameters A s-pij and B s-pij depend on the identities of the interacting beads. We assume A s-pij = 1 and B s-pij = 1 for interactions between a hydrophobic tail from a surfactant molecule and a hydrophobic residue of the protein, and A s-pij = 1 and B s-pij = 0 for all other interactions.
Simulation method
The Langevin dynamics and velocity-Verlet algorithm are used to study the structural transitions of the model protein in the presence of surfactants at different concentrations and different degrees of hydrophobicity. The surfactant concentration C s is defined as the number of surfactant molecules in the simulation box, which is cubic and has a side length equal to 60. The friction coefficient ␥ is set to 0.05 to facilitate a comparison with the results published elsewhere. 13, 18 During each Langevin simulation, the protein configuration is updated at a time step equal to 0.005, where = ͱ m 2 / h and m is the mass of an amino acid residue or a segment of the surfactant molecule.
The total potential energy ͑V͒, the protein radius of gyration ͑R g ͒, and the structure overlap function ͑͒ are the main quantities calculated during the refolding process. The total potential energy is obtained from
where V b , V , V , and V LJ are, respectively, energies related to bond length, bond angle, dihedral angle, and nonbonded intramolecular interactions of the model protein, 18 and V s-b , V s-s , and V s-p are energies affiliated with the surfactant molecules. The radius of gyration of the protein is defined as
where r ij is the center-to-center distance between a pair of spherical beads i and j, and N = 46 is the total number of residues from the model protein.
The structure overlap function provides a measurement of the similarity between an instantaneous configuration of the model protein and its native structure; it is defined as
where r ij,native is the distance between residues i and j in the native structure, ⌰͑X͒ is the Heaviside step function, and ⌿ stands for the tolerable deviation, i.e., thermal fluctuations of an instantaneous configuration from the native structure. As in a previous work, 18 ⌿ is set to 0.2 in all simulations reported in this work.
Kinetics of structural transition
At a given temperature, the protein folding yield and the rates of structural transitions are calculated by running 52 ϫ 3 independent simulations. The initial protein configurations are randomly generated at a temperature ͑T = 1.5 h / k B ͒ above the protein melting point. The protein folding yield is defined as the fraction in the number of independent simulations that reach the native structure with over 10 000 simulation steps, i.e.,
where Num͑native͒ means the number of the independent simulations that reach the native state with over 10 000 steps, and Num͑total͒ is the total number ͑52͒ of the independent simulations. The folding yield is calculated by averaging over three sets of independent simulations, and the error bars are calculated from standard deviation. The folding kinetics is described by a time-dependent function that specifies the fraction of the unfolded proteins in the parallel simulations
where P fp ͑t͒ stands for the distribution of the first-passage folding time
M = Num͑total͒ is the number of independent simulations, f1i denotes the first-passage time for the ith trajectory ͑simu-lation͒, i.e., the time required for the protein to arrive at its native state for the first time, and ␦ is the Dirac-delta function. The protein is in its native state if Ͻ 0.2. For all cases considered in this work, P ͑t͒ can be fitted to a phenomenological equation
where the exponential constant k f specifies the rate of transition from the unfolded state to the native state. According to Eq. ͑10͒, a large value of k f means rapid folding of the protein.
The folding rate can also be evaluated by the mean firstpassage folding time ͑t MFFT ͒, which is defined as
The mean first-passage folding time is averaged over three sets of independent simulations, and the error bar is calculated from standard deviation. A small mean firstpassage folding time means fast folding.
Similarly, the kinetics of protein collapsing is described by the fraction in the total number of independent simulations where the protein remains in a random-coil-like state,
In Eq. ͑12͒, P cp ͑t͒ is the distribution of the first-passage collapse time,
and c1i denotes the first-passage time for the ith trajectory, i.e., the first time for the protein to reduce its size below R g Ͻ 5.0. The distribution of the first-passage collapsing time, P c ͑t͒, can also be fitted to the exponential form
where k c reflects the transition rate from a random-coil-like state to a collapsed one. The protein collapsing rate is also reflected by the mean first-passage collapsing time ͑t MFCT ͒, defined as
The average mean first-passage collapsing time is averaged over three sets of independent simulations, and the error bar is calculated from standard deviation.
The spatial distribution of amino acid residues and surfactant
The spatial distributions of amino acid residues were calculated according to their probabilities, separated from the mass center of the model protein. For the equilibrium distribution curves, the average spatial distributions of amino acid residues were calculated by averaging over 5200 conformations generated by 52 independent simulations. For the kinetic distribution curves, the average spatial distributions of amino acid residues were calculated by averaging over 52 conformations generated from 52 independent simulations at a given time. To obtain the error bars, we repeat the entire set of simulations three times by changing the initial configurations.
The spatial distributions of surfactant were calculated according to the probability of the mass center of the surfactants relative to that of the model protein. As for the proteins, for the equilibrium distribution curves, the spatial distribution of surfactants was calculated by averaging over 5200 equilibrium conformations generated by 52 independent simulations. For the kinetic distribution curves, the spatial distribution of surfactants was calculated by averaging over 52 conformations generated from 52 independent simulations at a given time.
Simulation procedures
Each simulation started from an initial configuration randomly taken from the conformation file generated at high temperature. The protein molecule was placed at the center of the simulation box. In the case of surfactant-assisted protein folding, the surfactant molecules were randomly placed in the simulation box; no overlap among surfactant molecules and the protein was allowed in initial configuration. The system was then relaxed for a fixed number of time steps at T = 1.5 h / k B with B ij , B sij , B s-pij = 0.0, i.e., all attractive interactions were turned off during the relaxation, to ensure that the initial configuration of protein and the distribution of surfactant molecules were sufficiently random. After the relaxation, the attractions were turned on and the temperature is changed to the desired value for protein folding.
RESULTS AND DISCUSSION

Protein folding yield and kinetics
We first consider protein folding in the presence of the surfactants. Figures 1͑a͒-1͑d͒ give some snapshots of surfactant assembly around the model protein. At s = 0.10, the surfactants form a "cage" around the folded model protein ͓Figs. 1͑a͒ and 1͑b͔͒. At s = 0.30, however, the surfactants migrate into the protein interior domain via hydrophobic forces ͓Figs. 1͑c͒ and 1͑d͔͒. The penetration of surfactant molecules leads to "swelling" of the model protein and, subsequently, denaturation. Fig. 2 also includes simulation results for the protein folding without the surfactants. We find that, in the absence of the surfactants, the model protein collapses and folds in sequence approximately at T = 0.50 h / k B . 18 The collapsing and folding are not synchronized owing to the separation of the structure and size transitions. Figure 2͑a͒ shows that a surfactant accelerates the collapsing rate and the trend is enhanced by increasing the surfactant hydrophobicity. Figure 2͑b͒ shows that the protein folding rate is also increased by the addition of surfactants, but reaches a maximum when the surfactant hydrophobicity parameter ͑ s ͒ is between 0.10 and 0.20. The maximum folding rate allows us to define an optimal degree of surfactant hydrophobicity for protein refolding. Figure 2͑c͒ presents the protein refolding yield versus the surfactant concentration at different degrees of hydrophobicity. For each surfactant, an optimal concentration can be identified that maximizes the folding yield. Surfactants of moderate hydrophobicity ͑i.e., s = 0.10 and 0.20͒ improve the folding yield at a relatively broad range of concentration. Surfactants of strong hydrophobicity ͑ s = 0.30͒, however, are effective only at a narrow concentration range. Figure 2͑d͒ and 2͑e͒ show the mean first-passage collapsing time t MFCT and the mean first-passage folding time t MFFT versus the surfactant concentration, respectively. While t MFCT falls sharply as the surfactant concentration or the degree of hydrophobicity is increased, t MFFT exhibits a minimum at some intermediate surfactant concentration. The surfactant concentration that minimizes t MFFT depends on its hydrophobicity. At high concentration, surfactants of strong hydrophobicity ͑ s = 0.30͒ may result in a dramatic increase of t MFFT . Figure 2͑e͒ indicates that surfactants of moderate hydrophobicity, i.e., s = 0.10 and s = 0.20, also accelerate protein folding at a wide range of concentrations. The above simulation results indicate that surfactant hydrophobicity affects not only the protein folding yield but also the kinetics of collapsing and structure rearrangement.
Surfactants of moderate hydrophobicity improve the folding yield and accelerate both collapsing and refolding rates over a wide range of concentrations.
Qualitatively these simulation results are consistent with experiments on surfactant-assisted protein folding reported by Tandon and Horowitz.
5-7 A bell-shaped curve was identi- 
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with zwittergents Z-3-X series. The surfactant concentration corresponding to the maximum refolding yield is reduced upon an increase of the chain length of the surfactant hydrophobic tails, i.e., in the sequence of Z-3-12, Z-3-14, and Z-3-16. Moreover, the effective concentration range ͑1-80 mg/ml͒ of Z-3-12 is much broader than that of Z-3-16 ͑0.02-0.5 mg/ ml͒, which is more hydrophobic. 6 An optimal refolding yield was also observed in CTAB-assisted refolding of lysozyme when the molar ratio of CTAB to lysozyme was at 10. 10 Similar results were reported for protein refolding using other surfactants. [20] [21] [22] [23] The above simulation results also indicate that at certain conditions, surfactants of strong hydrophobicity may reduce the refolding rate ͓Fig. 2͑e͔͒. Similar conclusions have been reached in experiments, including refolding of lysozyme with CTAB.
10 ␣-glucosidase and citrate synthase with Brij 58P, 24 and 3-phosphoglyceric phosphokinase with lauryl maltoside. 7 A comparison of Figs. 2͑d͒ and 2͑e͒ suggests that the low refolding rate in the presence of strongly hydrophobic surfactants is caused by the enhanced stability of the collapsed intermediates, thus prohibiting the structural rearrangements. The simulation results are also consistent with recent experiments concerning the refolding of carbonic anhydrase from bovine assisted by surfactant 3-͓͑3-cholamidopropyl͒dimethylammonio͔-1-propanesulfonate, zwittergents of relatively weak hydrophobicity. 21 In their simulation of in vivo protein folding in GroEL using simple lattice models, Betancourt and Thirumalai 25 found an optimum range of hydrophobicity at which both the rates and yields of protein folding are enhanced. A similar range of hydrophobic interaction exists in a spherical nanopore to optimize the folding kinetics and yield for the WW domain. 26 More recently, Jewett and Shea investigated the cageless chaperone-assisted folding of a substrate protein by using molecular dynamics simulations and concluded that the cageless chaperone enhances the protein folding by depressing aggregation and by accelerating the folding rate. 27 Figure 2 shows that the surfactants exhibit similar functions in terms of assisting protein folding. Figure 3 shows variations of the radius of gyration and structure-overlap function for an isolated ␤-protein in the course of refolding from a completely denatured structure. Also shown in this figure are six snapshots of the protein configuration at different stages of the refolding process. The folding is manifested by reduction of R g and from an initial random coil configuration ͑b͒ ͑R g = 9.04 and = 0.920͒ to ͑g͒ ͑R g = 4.00 and = 0.218͒ for the final native structure. The collapsing step concurs with a decrease of the protein size. As depicted in Figs. 3͑c͒ and 3͑d͒ , the collapsing step corresponds to the formation of a partially folded structure with a hydrophobic core. Little change in R g is observedduring the conformation rearrangements from ͑d͒ to ͑f͒, all distinctly different from the native structure. As the protein approaches its native conformation, a significant reduction of is observed, concomitant with a small reduction of R g . Figures 3͑f͒ and 3͑g͒ depict the conformations before and after the folding step. Figure 3 suggests that the folding process can be divided into two major steps: the first step corresponds to the collapse of a random-coil-like structure accompanied with the formation of a hydrophobic core, and the second step corresponds to structural rearrangement leading to the native conformation. These two steps are characterized by drastic reductions of R g and , respectively. Figure 4 shows the folding trajectory of the ␤-protein in the presence of surfactants, along with the interaction energy between the protein and surfactant molecules and with six snapshots of the protein-surfactant complexes. Here the surfactant concentration is C s = 10, the degree of hydrophobicity parameter is s = 0.20, and T = 0.30 h / k B . The protein collapses at 50 ͓Fig. 4͑a͔͒, much faster than that occurring in the dilute solution ͓600, see Fig. 3͑a͔͒ . The collapsing step is accompanied with a drastic reduction of the proteinsurfactant interaction energy ͓Fig. 4͑a͒ bottom͔. During the collapsing process, little change is observed in the structure overlap function , which remains a large value until the folding at 335 ͓Figs. 4͑c͒ and 4͑d͔͒. The decoupling of the collapsing and folding steps is consistent with that displayed for an isolated protein ͑Fig. 3͒. The structure rearrangement starts at 320, as reflected by a drastic reduction of ͓Figs. 4͑e͒ and 4͑f͔͒ and a slight increase of the surfactant-protein interaction energy ͓Fig. 4͑a͒ bottom͔. Finally, the protein folds into its native configuration. During that process, the surfactants that bind to the hydrophobic beads of the protein ͓Figs. 4͑d͒ and 4͑e͔͒ are redistributed around the surface of the folded protein ͓Fig. 4͑g͔͒.
Folding trajectory
Based on the above simulation results, we conclude that surfactants may accelerate the formation of a compact conformation but hinder structural rearrangement. The collapsing process concurs with the formation of a proteinsurfactant complex, whereas structural rearrangement is accompanied with disassociation of the complex and redistribution of the surfactant molecule around the folded protein.
Effect of surfactant concentration, hydrophobicity, and temperature on protein folding
We now investigate the change of protein size, structure, and protein-surfactant interaction energy in the presence of surfactants of different hydrophobicities, concentration, and temperatures. Figures 5͑a͒ and 5͑b͒ present the folding trajectory and the protein-surfactant interaction energy at two different surfactant concentrations, C s = 5 and C s = 20, respectively. An increase of the surfactant concentration accelerates the protein collapsing rate and raises the protein-surfactant interaction energy, and subsequently slows structural rearrangement. Figures 5͑c͒ and 5͑d͒ give results similar to those shown in Fig. 5͑b͒ except that in Fig. 5͑c͒ the hydrophobicity parameter is changed to s = 0.10 and that in Fig. 5͑d͒ the reduced temperature is T = 0.50 h / k B . We find that by reduc-ing the hydrophobicity of the surfactant, the collapsing rate decreases while the folding accelerates. The opposite trends on the effect of surfactant hydrophobicity on protein collapsing and folding imply that, as indicated earlier, a surfactant of moderate hydrophobicity will be most efficient in promoting correct folding.
A comparison of Figs. 5͑b͒ and 5͑d͒ indicates that a temperature increase leads to the reduction of the collapsing rate but to the acceleration of structural rearrangement. In terms of the effect of hydrophobicity, the opposite trends on protein collapsing and folding can be explained by the fact that structural rearrangement is facilitated by the reduction of the interaction between the surfactant and protein at high temperature. Figure 5 indicates that the folding kinetics can be optimized by tuning the surfactant hydrophobicity, concentration, and temperatures.
Spatial distribution of surfactant molecules
In a conventional artificial-chaperone-assisted refolding process, 9 the unfolded proteins are captured by surfactants at high concentration. The proteins encapsulated in the micelles are then added into a refolding buffer that contains a stripper, e.g., ␤-CD, which dissociates the surfactant micelle and thus promotes protein refolding. Based on the simulation presented here and experimental results reported elsewhere, 9, 16, 28 we find that the surfactant micellization is not essential to promote protein refolding, whereas the hydrophobic interaction between the surfactant and protein is the major reason that leads to an enhanced refolding yield and kinetics.
To provide further insight into how surfactant molecules affect protein folding, we examined the spatial distribution of 
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amino acid residues and the surfactant molecules during the folding process. Figure 6͑a͒ shows the probability distribution of the amino acid residues from an isolated ␤-protein calculated by the annealing simulation method; Fig. 6͑b͒ shows a bead-stick model of the native structure. As shown in Fig. 6͑b͒ , the probability distribution curve falls into five Fig. 6 gives a useful reference for studying protein refolding in the presence of surfactants.
Effect of the hydrophobicity and concentration of surfactants on the folded structure Figure 7͑a͒ shows the distribution of amino acid residues in the folded ␤-protein in the presence of the surfactants obtained at C s = 10 and T = 0.30 h / k B . In the absence of the surfactant molecules, ␤-barrel protein reaches the native state ͑ Ͻ 0.20͒ as reflected in the distribution of amino acid residues similar to those shown in Fig. 6 . In the presence of surfactant molecules, the major difference appears in regions R2 and R4, which contain the amino acid residues adjacent to the hydrophobic core and to the turns and ends, respectively. When s = 0.10 and s = 0.20, the folded structure exhibits enhanced peaks in comparison with those shown in Fig. 6 , indicating that the surfactants stabilize the folded conformation. The increased protein stability is attributed to the inhibition of structural fluctuation by binding to the surrounding surfactants. For surfactants of stronger hydrophobicity ͑ s = 0.30͒, however, the distributions of amino acid residues are noticeably different from those of the native state ͑Fig. 6͒, especially in region R1. In this case, the correct protein conformation is not achieved due to strong hydrophobic interactions of the surfactants with the hydrophobic amino acid residues located in the interior region of the protein. Figure 7͑b͒ presents the distribution of surfactant molecules around the mass center of the model protein. It indicates that an increase of the surfactant hydrophobicity leads to a stronger binding to the hydrophobic core of the ␤-protein. Figure 7͑b͒ also suggests that surfactants with weak hydrophobicity, i.e., s = 0.10, distribute around the protein surface, while surfactants with strong hydrophobicity, i.e., s = 0.30, penetrate into the interior region of the protein.
The simulation shown in Fig. 7 agrees well with the results from fluorescence anisotropy decay measurements concerning the size and flexibility of the early folding intermediates. 20 It has been shown that the fluctuation of amino acid side chains from early folding intermediates ͑i.e., the collapsed state in the present simulation͒ is damped in the presence of strongly hydrophobic surfactant molecules, sodium dodecyl sulfate. The surfactant molecules and protein form compact intermediates that restrict correct conformational transition. In the artificial chaperone system, a stripper, e.g., ␤-CD, is used to dissociate the surfactant molecules from the collapsed protein, thus facilitating the conforma- 
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Molecular dynamics for surfactant-assisted protein refolding J. Chem. Phys. 126, 064906 ͑2007͒ tional transition. 9 Stabilization of denatured proteins with weakly hydrophobic surfactant was also experimentally validated. 24, 29 Figures 8͑a͒ and 8͑b͒ present, respectively, the distributions of the amino acid residues and the surfactant molecules around the folded protein at different surfactant concentrations. Figure 8͑a͒ shows that as the surfactant concentration increases, the amino acid distributions are closer to those in the native state, suggesting improved protein stability. Figure  8͑b͒ shows that as the surfactant concentration increases, the distribution of the surfactant molecules shifts towards the bulk solution. Figures 8͑c͒ and 8͑d͒ give similar results except that the surfactants are more hydrophobic ͑ s = 0.20͒. In this case, the increase of surfactant concentration compresses the protein structure, leading to deformation of the peaks in region R5, which contains the amino acid residues forming the turns and ends in the model protein. Similar to Fig. 8͑b͒ , the distribution of surfactants around the protein shows an oscillatory structure as the concentration increases, indicating the formation of a multilayer structure of surfactant around the protein.
The above simulation results confirm that surfactants of weak hydrophobicity interact with the exposed hydrophobic beads and thus stabilize the folded structure. However, surfactants of strong hydrophobicity may hinder the formation of a hydrophobic core, and consequently result in misfolding. At high concentration, surfactants inhibit protein aggregation but do not support the conformational transition. At a moderate concentration, however, surfactants of weak hydrophobicity are effective not only for inhibiting protein aggregation but also for promoting the protein conformational transitions.
10
Protein-surfactant complexes
The spatial distributions of amino acid residues and of the surfactants at different stages of the refolding process provide useful information on the kinetics of protein conformational transition. Figure 9͑a͒ shows the distribution profiles of amino acid residues when the protein was folded ͑t = 250͒ from the fully unfolded state ͑t =0͒. In Fig. 9͑b͒ , we present the evolution of the distribution of surfactants around shows that as the refolding continues, the surfactant molecules are located at larger value of r, reflecting that the surfactant molecules redistribute themselves from the center of unfolded protein to the outer surface of the folded protein.
Meanwhile, formation of the native structure is confirmed by recovering the distribution of amino acid residues ͓Fig. 9͑a͔͒ identical to that in the native conformation ͑Fig. 6͒.
In Fig. 10 , we recapitulate, schematically, the mechanism of the surfactant-assisted protein refolding process as revealed by our molecular simulations. The refolding process consists of two major steps, corresponding to the protein collapsing and structural rearrangement. In the first step, the denatured protein folds into a compact state, known as the molten globular state. This intermediate state has a tertiary structure different from the native conformation. In the second step, the compact conformation is rearranged to form the native structure. Protein aggregation occurs in both these two steps among the conformations with exposed hydrophobic residues.
At an appropriate hydrophobicity, a surfactant may promote protein collapsing and inhibit aggregation by the formation of the protein-surfactant complexes. Folding into the native structure from the compact conformation, however, requires dissociation of the surfactant molecules from the protein hydrophobic core. During this process, the surfactant molecules move from the interior region of the protein to the protein surface. We find that the redistributed surfactant molecules enhance the protein stability via interaction with the exposed hydrophobic surface. In experiments, dissociation of surfactant molecules from the protein can be achieved by adding ␤-cyclodextrin as the stripper. 5 Based on the above simulation, a surfactant of tunable hydrophobicity will be ideal for controlling the protein collapsing and structural rearrangement. Such process is exemplified by the functioning of a native chaperon system, e.g., GroEL/GroES, in which the inner surface of the protein cage is tuned from hydrophobic to hydrophilic within the adenosine triphosphate binding circle. 
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CONCLUSIONS
Based on the Langevin dynamics simulations for the refolding of an off-lattice ␤-barrel model protein, we have established a microscopic model of the refolding process in terms of the hydrophobic interaction between the surfactant and protein and its impact on the conformational transitions at different folding stages. We demonstrated that the surfactant-assisted protein folding can be described by a collapse-rearrangement mechanism as presented else where. 32, 33 At appropriate concentration and hydrophobicity, a surfactant may accelerate protein collapsing by forming protein-surfactant complexes. However, correct folding requires the dissociation of the surfactant molecules from the hydrophobic core of the collapsed protein. The presence of surfactants of strong hydrophobicity and high concentration significantly increases the rate of protein collapsing but hinders the formation of the native conformation. By examining the spatial distributions of the amino acid residues and the surfactant molecules, we attained an improved understanding of how surfactant molecules affect the folding process.
Surfactants promote protein folding not only by inhibiting protein aggregation 5, 6, [8] [9] [10] 21, 24 but also by accelerating the formation of the hydrophobic core. The native protein conformation is achieved by the redistribution of the surfactant molecules from the interior region of the unfolded protein to the surface of the folded protein. Moreover, the protein stability may be enhanced by the hydrophobic interaction of the surfactant molecules with the hydrophobic amino acid residues located at the protein surface. Qualitatively, the simulation results are found in agreement with a number of experiments for surfactant-assisted protein refolding. The molecular insights attained from this work will provide a guide in molecular design of surfactant as folding aids as well as in the optimization of protein refolding processes. 
